Is it growing exponentially fast? – Impact of assuming exponential growth for characterizing and forecasting epidemics with initial near-exponential growth dynamics  by Chowell, Gerardo & Viboud, Cécile
Infectious Disease Modelling 1 (2016) 71e78Contents lists available at ScienceDirectInfectious Disease Modelling
journal homepage: www.keaipubl ishing.com/idmIs it growing exponentially fast? e Impact of assuming
exponential growth for characterizing and forecasting
epidemics with initial near-exponential growth dynamics
Gerardo Chowell a, b, *, Cecile Viboud b
a School of Public Health, Georgia State University, Atlanta, GA, USA
b Division of International Epidemiology and Population Studies, Fogarty International Center, National Institutes of Health, Bethesda,
MD, USAa r t i c l e i n f o
Article history:
Received 9 May 2016
Received in revised form 18 July 2016
Accepted 26 July 2016
Available online 3 September 2016* Corresponding author. School of Public Health,
E-mail address: gchowell@gsu.edu (G. Chowell).
Peer review under responsibility of KeAi Comm
http://dx.doi.org/10.1016/j.idm.2016.07.004
2468-0427/© 2016 The Authors. Production and hos
CC BY license (http://creativecommons.org/licenses/a b s t r a c t
The increasing use of mathematical models for epidemic forecasting has highlighted the
importance of designing models that capture the baseline transmission characteristics in
order to generate reliable epidemic forecasts. Improved models for epidemic forecasting
could be achieved by identifying signature features of epidemic growth, which could inform
the design of models of disease spread and reveal important characteristics of the trans-
mission process. In particular, it is often taken for granted that the early growth phase of
different growth processes in nature follow early exponential growth dynamics. In the
context of infectious disease spread, this assumption is often convenient to describe a
transmission process with mass action kinetics using differential equations and generate
analytic expressions and estimates of the reproduction number. In this article, we carry out a
simulation study to illustrate the impact of incorrectly assuming an exponential-growth
model to characterize the early phase (e.g., 3e5 disease generation intervals) of an infec-
tious disease outbreak that follows near-exponential growth dynamics. Speciﬁcally, we
assess the impact on: 1) goodness of ﬁt, 2) bias on the growth parameter, and 3) the impact
on short-term epidemic forecasts. Our ﬁndings indicate that devising transmission models
and statistical approaches that more ﬂexibly capture the proﬁle of epidemic growth could
lead to enhanced model ﬁt, improved estimates of key transmission parameters, and more
realistic epidemic forecasts.
© 2016 The Authors. Production and hosting by Elsevier B.V. on behalf of KeAi Commu-
nications Co., Ltd. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).1. Introduction
Standard models of disease transmission and control are largely based on systems of differential equations where in-
fectious disease spreads following an initial exponential growth phase (Anderson & May 1991; Diekmann & Heesterbeek,
2000; Kermack & McKendrick, 1937; Ross, 1911). Further, the application of disease transmission models for forecasting
the likely short-term and long-term impact of an infectious disease outbreak on morbidity and mortality has received more
attentionwith the increasing number of emerging infectious diseases affecting our globalized world. Hence, it is important to
better understand how certain modeling assumptions in transmission models of disease spread and control affect estimatesGeorgia State University, Atlanta, GA, USA.
unications Co., Ltd.
ting by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under the
by/4.0/).
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(Chowell et al., 2016a; Fisman, Hauck, Tuite, & Greer, 2013; Hsieh, 2010; Wang, Wu, & Yang, 2012). Here we use epidemic
simulations and the generalized-growth model (Viboud, Simonsen, & Chowell, 2016) to underscore the importance of
capturing the baseline transmission characteristics of an infectious disease outbreak in order to reliably forecast and infer key
transmission parameters. For instance, models that fail to provide a good approximation of the initial transmission dynamics
of an infectious disease outbreak would not be able to pass an initial validation phase.
In this article, we carry out a simulation study to illustrate the impact of incorrectly assuming an exponential-growth
model to characterize the early phase (e.g., 3e5 disease generation intervals) of an infectious disease outbreak that fol-
lows near-exponential growth dynamics. Speciﬁcally, we assess the impact on: 1) goodness of ﬁt, 2) bias on the growth
parameter, and 3) the impact on short-term epidemic forecasts.
2. Methods
2.1. A phenomenological model to characterize early epidemic growth patterns
In order to characterize sub-exponential growth dynamics during the early growth phase of an infectious disease
outbreak, a phenomenological approach based on the generalized-growth model was recently introduced in ref. (Viboud
et al., 2016). In particular, the generalized-growth model allows relaxing the assumption of exponential growth via a
“deceleration of growth” parameter, p. The model is given by the following differential equation:
C0ðtÞ ¼ rCpðtÞ (1)
where C0(t) describes the incidence growth phase over time t, the solution C(t) describes the cumulative number of cases at
time t, r is a positive parameter denoting the growth rate, and p, the “deceleration of growth” parameter varied between 0 and
1.
If p¼0, this equation describes constant incidence over time and the cumulative number of cases grows linearly while p¼1
models exponential growth dynamics. Intermediate values of p between 0 and 1 describe sub-exponential (e.g. polynomial)
growth patterns. In semi-logarithmic scale, exponential growth patterns are visually evident when a straight line ﬁts well
several consecutive disease generations of epidemic growth, whereas a downward curvature in semi-logarithmic scale in-
dicates early sub-exponential growth dynamics. For sub-exponential growth (i.e.,0<p<1), the generalized-growth model has
a closed-form solution which is given by (Tolle, 2003):
CðtÞ ¼

rð1 pÞt þ C1pð0Þ
1=ð1pÞAs explained earlier (Viboud et al., 2016), simulations derived from the generalized-growth model display different
epidemic growth proﬁles, as the “deceleration” parameter (p) is varied between zero and one. These proﬁles include linear
incidence (i.e., p¼0.5), concave-up incidence (p>0.5), and concave-down incidence (p<0.5) patterns.
The generalized-growth model is a simple tool that can be used to characterize the early epidemic growth proﬁle from
case incidence data as well as from synthetic data derived from transmission models via stochastic simulation (Viboud et al.,
2016). Here we employ this phenomenological model and stochastic simulations to demonstrate the impact of assuming
exponential growth dynamics for processes that are characterized by sub-exponential epidemic growth dynamics just
slightly below the exponential growth regime at p¼1.
2.2. Simulation study to assess the impact of exponential growth assumptions
We carried out stochastic simulations of early growth outbreak dynamics that follows near-exponential growth dynamics
during 3e5 generations of disease transmission (each generation isﬁxed at 5 days) using the generalized-growthmodel. For this
purpose,weﬁxed thegrowth rate parameter “r” at 0.4 perday, the initial numberof cases C(0)¼ 1, and varied the ‘decelerationof
growth’ parameter p between 0.9 and 0.96, a range that falls slightly below the exponential growth regime at p¼1.
Stochastic simulations of the generalized-growth model were generated through a Poisson simulation approach
(Gustafsson& Sternad, 2007). To assess the impact of assuming exponential growth in the context of near-exponential growth
dynamics, we estimated the growth rate “r” for the exponential growth model for each of the 500 stochastic realizations to
generate a distribution of the estimates of the growth rate “r”. For comparison, we also jointly estimated both the growth rate
“r” and the deceleration of growth parameter “p” from each of the 500 stochastic realizations using the generalized-growth
model (the “true model”). We estimated parameters through nonlinear least-square curve ﬁtting to the case incidence curve
modeled by equation C0(t) as described in ref. (Viboud et al., 2016). The initial number of cases C(0) was ﬁxed according to the
simulated data (i.e., C(0) ¼ 1).
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Using the ensemble of stochastic simulations of early growth dynamics, we generated short-term forecasts (e.g., fore-
casting horizon comprising 3 generations) of epidemic growth following a model calibration period, which consisted of the
early growth phase comprising only 3 generations of disease transmission. The forecasts generated by the generalized-
growth model were compared with the “true” ensemble of stochastic simulations of early epidemic growth during 6 gen-
erations of disease transmission. We also compared the goodness of ﬁt that the models yielded during the calibration period
comprising 3 generations of disease transmission.3. Results
The stochastic simulations of early case incidence growth that follow near-exponential growth according to the
generalized-growth model with the ‘deceleration of growth’ parameter p between 0.9 and 0.96, and the growth rate
parameter “r” is ﬁxed at 0.4 per day that were employed in our analyses are displayed in Fig. 1.
We illustrate the impact of inferring the growth rate parameter “r” from early case incidence growth data that follows a
near-exponential growth process assuming a simple exponential growth model rather than the generalized-growth model
(the “true model”). The distributions of the growth rate parameter estimates derived from ﬁtting the exponential growth
model to each of 500 stochastic simulations derived from the generalized-growth model using 3, 4, and 5 generations of
disease transmission are shown in Fig. 2. Overall, estimates of “r” derived using the wrong “exponential growth” model suffer
from increasing bias as the length of the early growth phase increases from 3 to 5 disease generations while inference using
the “truemodel” conﬁrms ascertainment using the true growth rate “r”with decreasing variance in the estimate as the length
of the early growth phase increases.We also evaluated the impact of the deceleration of growth parameter “p” on estimates of
the growth rate “r” derived using the simple exponential growth model. Moreover, the bias in estimates of the growth rate
parameter rapidly increases as the deceleration of growth parameter decreases, moving away from the exponential growth
regime (Fig. 3).
We also assessed the goodness-of-ﬁt provided by the exponential growth model when it is calibrated using synthetic
epidemic growth data that follows near-exponential growth dynamics using the generalized-growth model (Fig. 4). Overall,
the goodness-of-ﬁt provided by the exponential growth model rapidly deteriorates as the growth phase increases or the
deceleration of growth parameter is decreased below the exponential growth regime (Fig. 5).
The impact of assuming exponential growth for generating short-term epidemic forecasts when the underlying growth
process is just below the exponential growth regime is illustrated in Fig. 6. That is, we ﬁrst calibrated the exponential growth
model to the ﬁrst 3 generations of disease transmission for each of 500 stochastic simulations of early growth diseaseFig. 1. Stochastic simulations of early epidemic growth that follow near-exponential growth dynamics during 30 days (5 generations of disease transmission)
using the generalized-growth model where the ‘deceleration of growth’ parameter p is varied between 0.9 and 0.96, and the growth rate parameter “r” is ﬁxed at
0.4 per day with C(0) ¼ 1. A total of 500 stochastic simulations were generated through a Poisson simulation approach (Gustafsson & Sternad, 2007). The gray
curves correspond to the ensemble of stochastic simulations. The red solid and dashed lines correspond to the median and interquartile range of the ensemble of
stochastic realizations, respectively.
Fig. 2. Evaluating the impact of estimating the growth rate from a near-exponential growth phase using an exponential-growth model. We estimated the growth
rate r for the exponential growth model from 500 stochastic simulations of early growth disease transmission during 3e5 disease generations using the
generalized-growth model where each disease generation is ﬁxed at 5 days, the ‘deceleration of growth’ parameter p is set at 0.96, just slightly below the
exponential growth regime, the true growth rate parameter is set at 0.4 per day, and C(0) ¼ 1. The “true growth rate” r is shown for reference as a red dashed line.
The histograms display the distribution of the resulting 500 estimates of the growth rate “r”. Estimates of the growth parameter are increasingly biased as the
epidemic growth phase increases from 3 to 5 generations. The corresponding estimates of the growth parameter based on the “true model” using the
generalized-growth equation are shown for reference.
Fig. 3. Evaluating the impact of estimating the growth rate from a near-exponential growth phase using an exponential-growth model for three values of
deceleration of growth parameter, p. We estimated the growth rate r for the exponential growth model from 500 stochastic simulations of early growth disease
transmission comprising 4 disease generations using the generalized-growth model where each disease generation is ﬁxed at 5 days, the ‘deceleration of growth’
parameter p is set at 0.96, just slightly below exponential growth, the true growth rate parameter is set at 0.4 per day, and C(0) ¼ 1. The true growth rate r is
shown for reference as a red dashed line. The histograms display the distribution of the resulting 500 estimates of the growth rate “r” for three different values of
the deceleration of growth parameter, p. Estimates of the growth parameter are increasingly affected for lower values of the deceleration of growth parameter, p.
The corresponding estimates of the growth rate parameter derived using the generalized-growth model (the “true model”) are shown for comparison.
G. Chowell, C. Viboud / Infectious Disease Modelling 1 (2016) 71e7874
Fig. 4. The performance of the exponential growth model in terms of goodness of ﬁt measured using the sum of squared errors (SSE) when it ﬁts epidemic
growth phases characterized by near-exponential growth dynamics (i.e., the deceleration of growth parameter is slightly below 1.0). We assessed goodness of ﬁt
by ﬁtting the exponential growth model to 500 stochastic simulations of early growth disease transmission during 3e5 disease generations derived using the
generalized-growth model where each disease generation is ﬁxed at 5 days, the ‘deceleration of growth’ parameter p is set at 0.96, just slightly below exponential
growth, the true growth rate parameter is set at 0.4 per day, and C(0) ¼ 1. The goodness of ﬁt provided by the generalized growth model is shown for comparison.
The median and interquartile range (IQR) for each set of simulation results are shown.
Fig. 5. The performance of the exponential growth model in terms of goodness of ﬁt measured using the sum of squared errors (SSE) when the models is ﬁtted to
epidemic growth phases characterized by near-exponential growth dynamics using three different values of the deceleration of growth parameter p. We assessed
goodness of ﬁt by ﬁtting the exponential growth model to 500 stochastic simulations of early growth disease transmission during 3e5 disease generations
derived using the generalized-growth model where each disease generation is ﬁxed at 5 days, the ‘deceleration of growth’ parameter p is set at 0.96, just slightly
below exponential growth, the true growth rate parameter is set at 0.4 per day, and C(0) ¼ 1. The goodness of ﬁt provided by the generalized growth model is
shown for reference. The median and interquartile range (IQR) for each set of simulation results are shown.
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of growth’ parameter p is set at 0.96, the true growth rate parameter is set at 0.4 per day. Using the calibrated models (the
exponential growthmodel and the “truemodel” based on the generalized-growthmodel), we forecasted epidemic growth for
the following 3 disease generations for each epidemic realization. In particular, these results illustrate how rapidly the
epidemic forecasts diverge within just a few generations of disease transmission even when the “true” growth dynamics fall
slightly below the exponential growth regime.
Fig. 6. The impact of assuming an exponential growth when forecasting a near-exponential epidemic growth phase. We ﬁrst calibrated the exponential growth
model to the ﬁrst 3 generations of disease transmission from 500 stochastic simulations of early growth disease transmission derived using the generalized-
growth model where each disease generation is ﬁxed at 5 days, the ‘deceleration of growth’ parameter p is set at 0.96, just slightly below exponential
growth, the true growth rate parameter is set at 0.4 per day, and C(0) ¼ 1. Next, using the calibrated exponential model for each of the stochastic simulations, we
forecasted epidemic growth for the following 3 disease generations for each epidemic realization. The gray curves correspond to the ensemble of epidemic
forecasts. The red solid and dashed lines correspond to the median and interquartile range computed from the ensemble of stochastic realizations, respectively.
The vertical dashed line separates the model calibration period from the forecasting horizon. The stochastic simulations derived from the “true model” using the
generalized-growth equation are shown for reference.
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It is often taken for granted that the early growth phase of different growth processes follow exponential growth dy-
namics. In the context of infectious disease spread, this assumption is often convenient to describe a transmission process
with mass action kinetics using differential equations (Bailey, 1975; Ross, 1911) and generate analytic expressions and esti-
mates of the reproduction number (Anderson &May 1991; Diekmann, Heesterbeek, &Metz, 1990). Our results demonstrate
that designing transmission models and statistical approaches that more ﬂexibly capture the proﬁle of epidemic growth,
beyond the exponential growth assumption, and its associated uncertainty could lead to enhanced model ﬁt, improved es-
timates of key transmission parameters, and more realistic epidemic forecasts.
Extrapolations of epidemic impact from the early growth trend in case incidence of an epidemic are subject to both model
and data uncertainty. Indeed, in the context of limited epidemic data on the early epidemic growth phase, it is possible that 1)
the data do not convey sufﬁcient information to reliably ascertain the proﬁle of epidemic growth and determine whether an
epidemic is expected to follow exponential or polynomial-like growth dynamics, resulting in a forecast associated with wide
uncertainty and/or 2) the trend in the early growth pattern is not faithfully captured by the growth assumptions speciﬁed in
the model (e.g., model assumes a ﬁxed type of epidemic growth). Consequently, transmission models calibrated using a few
data points of the early phase of an infectious disease outbreak assuming exponential growth epidemic dynamics, such as the
widely used SIR-type compartmental models, are unable to predict anything other than an exponentially growing epidemic in
the absence of interventions or behavior changes until susceptible depletion sets in. Hence, our results highlight the need to
consider less rigid transmission modeling frameworks that capture a wider range of epidemic growth proﬁles including the
possibility of sub-exponential (e.g., polynomial) epidemic growth. More ﬂexible models should be better equipped with
different mechanisms to ﬁt the early growth trend of an epidemic process and provide more realistic uncertainty bounds for
short- and long-term epidemic forecasts. Such mechanisms include changes in population behavior that mitigate trans-
mission and spatial heterogeneity in underlying network of contact over which the disease spreads.
Analyses of the initial epidemic growth phase comprising approximately 3e5 generations of disease transmission across
infectious disease outbreaks for a range of diseases including inﬂuenza, Ebola, foot-and-mouth disease, HIV/AIDS, plague,
measles and smallpox has revealed a diversity of epidemic growth proﬁles that were accompanied with substantial uncer-
tainty (Viboud et al., 2016). For instance, high values for p above 0.85 were estimated for a major plague epidemic in Bombay
in 1905, the 1918 inﬂuenza pandemic in San Francisco, and a smallpox outbreak in Khulna, Bangladesh in 1972. Slower growth
proﬁles were quantiﬁed for the foot-and-mouth disease outbreak in Uruguay at the farm level with a lowmean estimate of p
at 0.4 and the HIV/AIDS epidemic in Japan (1985e2012) at ~0.5 which is consistent with an approximately linear growth
pattern (Viboud et al., 2016). Similarly, a recent analysis of the early growth dynamics of a Zika epidemic in Colombia
indicated polynomial growth with p ~0.4e0.7 (Chowell et al., 2016a). For the district-level Ebola epidemic outbreaks in West
Africa, we found that p varied substantially with an overall mean at ~0.6 (Viboud et al., 2016). The districts of Margibi in
Liberia, and Bombali and Bo in Sierra Leone, displayed near exponential growth (p close to 1), while the districts of Bomi in
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been observed for the district of Western Area Urban in Sierra Leone.
The diversity of epidemic growth proﬁles observed in real epidemic outbreaks underscores the importance of under-
standing the mechanisms that generate them. Our results emphasize the need to consider sub-exponential growth patterns
in the design and parameterization of mathematical transmission models (Chowell, Sattenspiel, Bansal, & Viboud, 2016b).
Indeed, past modeling efforts have incorporated mechanisms to account for slower than exponential growth patterns
including models that gradually mitigate the transmission rate over time (Chowell, Hengartner, Castillo-Chavez, Fenimore, &
Hyman, 2004) or incorporate phenomenological parameters to capture non-homogeneous population mixing (Finkenst€adt&
Grenfell, 2000; Grenfell, Bjornstad, & Kappey, 2001) and models with particular spatial structuring (Chowell, Rivas,
Hengartner, Hyman, & Castillo-Chavez, 2006; Eubank et al., 2004; Ferguson, Donnelly, & Anderson, 2001; Halloran, Long-
ini, Nizam, & Yang, 2002; Keeling, Woolhouse, May, Davies, & Grenfell, 2003; Kiskowski, 2014; Kiskowski & Chowell, 2015;
Merler et al., 2015; Riley & Ferguson, 2006). A recent review article (Chowell et al., 2016b) surveys mathematical modeling
approaches that are useful for capturing a diversity of early epidemic growth proﬁles, ranging from sub-exponential to
exponential growth. These include models incorporating spatial details or realistic population mixing structures, including
meta-population models, individual-based network models, and simple SIR-type models that incorporate the effects of
reactive behavior changes or inhomogeneous mixing (Chowell et al., 2016b).
An enhanced understanding of observed epidemic growth patterns and the mechanisms that generate them for different
pathogens and across temporal and social contexts should prove useful to improve our ability to design disease transmission
models that are able to capture speciﬁc early epidemic growth proﬁles. Sub-exponential growth patterns have important
implications on the characterization and interpretation of the basic reproduction number R0, a key quantity for disease
control (Anderson & May 1991; Diekmann & Heesterbeek, 2000; van den Driessche & Watmough, 2002). R0 is often esti-
mated by ﬁtting epidemic models that rely on exponential growth assumptions to time-series of case reports during the early
epidemic ascending phase (Diekmann & Heesterbeek, 2000; Roberts & Heesterbeek, 2007; Wallinga & Lipsitch, 2007).
However, approaches for estimating R0 in the context of epidemics that follow early sub-exponential growth dynamics have
been lacking. One such approach based on the generalized-growth model was recently introduced in ref. (Chowell, Viboud,
Simonsen, & Moghadas, 2016c). This study demonstrated that in contrast to the invariant reproduction numbers for epi-
demics that are well-characterized by exponential growth dynamics during the initial epidemic phase, epidemics that follow
an early sub-exponential growth phase display an effective reproduction number that asymptotically declines towards unity.
Our ﬁndings have implications in a number of biological processes beyond the spread of infectious disease. Our results
highlight signiﬁcant impact on goodness of ﬁt, parameter estimation, and short-term epidemic forecasting when incorrectly
assuming an early exponential-growth process that truly follows near-exponential growth dynamics. Transmission models
and statistical approaches that more ﬂexibly capture the proﬁle of epidemic growth are already starting to show promising
results in improving model ﬁt, estimates of growth parameters, and epidemic forecasts.
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